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Executive summary 
The generation of food waste at both suppliers’ and consumers’ levels stems 
from a complex set of interacting behaviours. Both Agent Based Models (ABMs) 
and Bayesian Networks (BNs) are ideal tools for simulation, diagnosis and predic-
tion in the context of food waste generation, because they allow the study of 
complex systems. This report outlines the methodological framework for each 
modelling approach.  
 
As empirical data on the drivers of food waste are scarce, there is a need for BNs 
and ABMs to interact. There are several forms this interaction can take along a 
continuum from independent modules with limited interaction, to sub-models of 
a fully integrated model. The most likely form of interaction will see BNs acting 
as data reduction engines for the ABMs with regard to consumer behaviour 
and/or for BNs to contextualise ABM outputs.  
 
The contribution of REFRESH Work Package 4 (WP4) to the understanding of food 
waste generation across Europe depends on the sharing of data among REFRESH 
partners. To ensure that this occurs in the most efficient way, a protocol provides 
guidelines for formatting and naming of datasets, defining and describing meta-
data, and for sharing data.   
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1   Introduction 
WP4 of the REFRESH project implements a behavioural economics approach in 
order to identify and measure the most important socio-economic conditions and 
potential policy interventions driving businesses’ and consumers’ choices in the 
generation of food waste. More specifically WP4 aims to provide new information 
on consumer and business behaviour by measuring the effects of major tangible 
factors of food waste, by identifying hidden and emerging profiles of consumer’ 
and business’ behaviours affecting food waste, and by allowing the detection of 
intangible food waste drivers (Obj. 1). Such an objective is achieved through the 
development and the testing of Agent-Based Models (ABMs) and Bayesian net-
works (BNs) (Obj. 2).  
  
The generation of food waste stems from a complex set of interacting behaviours 
of both food consumers and suppliers. Therefore, a complete approach to the 
problem requires an analysis of both sources of waste. Both ABMs and BNs pro-
vide a modelling approach that fits this purpose, since they allow the study of 
complex systems. This report provides the methodological background needed in 
order to achieve the modelling objectives of WP4.  
 
Chapter 3 defines what is a model and the modelling approaches that will be uti-
lized within REFRESH WP4. 
Chapters 4 and 5 illustrate the characteristics of ABMs and BNs. 
Chapter 6 outlines an ABM aimed at assessing the adoption of innovations for 
preventing or reducing the food waste generated by companies of the retail sec-
tor. 
Chapter 7 outlines a BN for characterizing consumers’ behaviour with respect to 
food waste. 
Chapter 8 anticipates potential modes of interaction between ABMs and BNs. 
Chapter 9 identifies a number of good practices to ensure effective data man-
agement and facilitate data exchange.  
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2   What is a model? 
A model is, essentially, a simplified representation of reality. Models aim to cap-
ture the essential properties of a system, and to reproduce its entities, relation-
ships and rules. In the context of scientific research, there are many different 
types of models, ranging from graphical representations of the entities and of the 
functioning of a system (for example in a model of the “cycle of water”), to fully 
formalised mathematical models (e.g., a Newtonian model of the revolution of 
planets). 
While a model can represent the reality of a system at an arbitrary level of preci-
sion, models need to have theoretical underpinning, and to be as simple as possi-
ble in order to provide useful insights, and possibly predictions that can be gener-
alised beyond single cases. To preserve its generality and some capacity to ex-
plain, simulate and project the system studied, a model requires several simplify-
ing assumptions. 
Within WP4, two main modelling approaches will be utilised. The first is ABM, the 
second BNs. ABMs will be applied to explore both business-level and consumer-
level behaviours, whereas BNs will be predominately used to explore consumer-
level behaviours in relation to food waste. Finally, potential interactions of ABMs 
and BNs will be explored. 
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3   What is an Agent Based Model? 
ABMs are computational systems that simulate at different scales «a number of 
decision-makers (agents) and institutions, which interact through prescribed 
rules» (Farmer and Foley 2009). Instead of assuming a (or a small set of) repre-
sentative agent(s), ABMs describe the individual decision-making process, and 
the rules regulating the interactions among agents. The model output is the ag-
gregate result (and inherent variation) of the agents’ choices and interactions 
among them over a specified number of time steps, or its final point. Moreover, 
non-evident phenomena or rules can emerge. This, on the one hand, allows for a 
large amount of heterogeneity among agents and of the interactions rules to be 
modelled; on the other hand, it allows the introduction of a well-defined institu-
tional structure. Dropping the constraint of analytical solvability, ABMs can be as 
complex as required to grasp the understanding of the system studied. Neverthe-
less, it is important to constrain as much as possible the additional complexity of 
agents and interactions, to avoid generating models as complex and difficult to 
understand as the reality they are designed to study. 
ABMs allow the researcher to take into account the complex nature of human be-
haviours and interactions. As such, unlike many standard models, their analytical 
solution is seldom possible. The typical tool to analyse ABMs is computer simula-
tion. Simulations can take many forms, but the most common is the Monte-Carlo 
simulation, which consists in choosing a given parameter set, and iterating the 
dynamics of the model many times, with different sequences of random numbers. 
Such simulation allows the study of the statistical characteristics of the simulation 
output (means and standard deviations of the results, their distribution, and the 
occurrence of rare extreme events). By modifying the parameter sets chosen, it is 
possible, then, to check the robustness of the results obtained, as well as to as-
sess the implications of a shift in one of the model parameters. A well-developed 
model can be used as a virtual laboratory, as it allows the generation of alterna-
tive time-series under controlled “quasi-experimental” conditions. As such, ABMs 
can also be studied with regression techniques, exploring the correlations among 
different parameters and outcomes, as well as the impact of different types of 
heterogeneity. Given that many relationships among variables are typically hard-
wired within the model structure, causation structures can be studied within the 
framework of ABMs.  
An alternative method of analysis frequently used to assess ABMs is the 
comparison of scenarios. Within this method, different initialisations and sets of 
rules of the model are created to simulate specific known cases (such as two 
countries), or to study the impact of a policy intervention. Both the aggregate 
outcomes, and the individual trajectories of development of the agents are then 
assessed comparatively. The analysis of the results of ABMs frequently relies on 
graphical analysis, such as plots and figures. These are a powerful method of rep-
resenting both aggregated results and single simulation case studies. 
The ABM technique can help generate results and explanations about aggregate 
socio-economic processes, answer questions concerning the emergence of stable 
behaviours or behavioural patterns, the stability of a model to small changes, and 
the evolutionary patterns of the system studied. 
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3.1 Elements of an ABM 
In order to design and develop an ABM, it is necessary to specify at least three 
main elements (Gilbert 2008): the entities (or agents), their interaction rules, and 
the environment and institutions within which agents interact. 
The agents are the autonomous and discrete decision-making units whose behav-
iour is modelled. In socio-economic simulations, such entities are typically per-
sons, companies, or even nations. Depending on the characteristics of the model, 
agents can be very simple, or extremely complex, but they usually possess a set 
of characteristics that can be summarized as follows: 
• Attributes: the set of agent properties (e.g. age, degree of pro-social behav-
iour, wealth etc.). Each attribute is typically assigned one (or more) precise 
value(s) at each given moment. They provide the building blocks to be com-
bined in the rules of behaviour. Attributes can be constants (properties of the 
individual agent that do not changes during the simulation, such as gender), 
variable (properties that can change as a consequence of the interaction 
among agents, or of some external factor), or evolutionary (properties that 
evolve in time with some endogenous or exogenous rule of change). 
• Rules of behaviour: they determine how agents behave, and represent the 
assumptions made about the decision-making processes of the individuals. 
Agents can, in such a way, maximize some discrete or continuous function us-
ing some heuristics, or following some deterministic rules (if 𝑥, then 𝑦). The 
rules of behaviour use as inputs agents’ attributes, and may also use their 
memory, and their perception of reality, as well as those of other individuals in 
the model. The simplest type of agent acts randomly, and is thus named “ze-
ro-intelligence agent” (Gode and Shyam 1993). Such type of agent is useful as 
a benchmark. 
• Memory: provides the agents with the possibility of recalling past actions and 
interactions, as well as their results. Memory can constitute a mechanism to 
condition the behaviour of agents on past actions (for example, cooperate with 
partners that were cooperative in the past). The simplest type of agent does 
not have any ability to condition his behaviour on past actions (“zero-memory 
agent”).  
• Perception of the environment: determines what an agent knows and how he 
perceives the surrounding environment. In particular, the perception of reality 
defines the set of information that the individual has when applying its rule of 
behaviour. 
It should be noted that, within an ABM, there are typically many agents, which 
present different specifications of these characteristics. In this case, the model is 
called a “heterogeneous agents model”. While heterogeneity can provide useful 
insights into the system modelled, it is important to keep the degrees of hetero-
geneity to a minimum, thus preserving the explicatory power of the model.  
ABMs are characterised by the presence of many interacting agents. Within ABMs, 
there is usually no central “authority” defining the interactions, and these are typ-
ically decentralised, with autonomous agents interacting according to their own 
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attributes, applying the decision rules and using the information available to them.  
The interaction rules set the constraints on how agents can interact. Depending 
on the type of model, the interaction rules can be represented in game theoretical 
form (agents receive a payoff that depends on their actions and on those of other 
players, according to some table of payoffs), as economic exchanges (one or more 
individuals buy something that someone else sells in exchange for a good or 
some amount of currency), or as exchanges of information.  
Not all interactions are always possible and, indeed, exchanges typically happen 
on a defined interaction space. The most basic interaction space is represented by 
a setup where each individual can interact with other individuals without con-
straints. In socio-economic models, more frequent is, however, the case where 
interactions are constrained to happen on a specific structure, such as a network 
or a grid, that can be fixed or evolve as a consequence of individual behaviour. 
The network structure may represent physical limitations or social/informational 
constraints. Finally, agents may be mobile and, thus, the interaction space can 
represent a geographical extension with physical proximity as a constraint. 
Beside agents and interactions, the third important element of agent-based mod-
els is the design of the environment and institutions characterizing the system 
studied. The environment defines the external constraints and characteristics that 
influence all agents (or groups of them), and their interactions. In practice, this is 
the set of all policies, taxes, laws, institutions, and characteristics of the natural 
environment influencing and shaping the behaviour of all (or groups of) agents. 
Changing the nature or the incentives provided by the environment and the insti-
tutions allows a comparative study of their impact on the agents and on the ag-
gregate outcomes of the model. 
3.2 Limitations of ABMs 
The problem of Food Waste (FW) generation is a complex one, where agents with 
heterogeneous behavioural typologies interact in non-trivial ways. Studying this 
problem through a set of ABMs allows the necessary flexibility to address it. How-
ever, there are a few important limitations of this approach that require some 
considerations. The first is that, with ABMs, it is almost always impossible to for-
mally (analytically) prove the results obtained through simulations. The second is 
that, as models grow in complexity, it can become difficult to disentangle the im-
pact of the single variables on the aggregated outcomes. When true emergent 
phenomena (Holland 2000; Wolfram 2002) characterize the model, it may actual-
ly become impossible to separate the aggregate results from its individual deter-
minants, as «the whole is more than the sum of the parts» (Anderson 1972). Fi-
nally, in many cases, the agents are parameterised using informed estimates, or 
rough data, and then the accuracy of these estimates is judged by comparing the 
behaviour of the agents in the modelling environment to the empirically observed 
one. Such process is quite time-intensive. 
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4   What are Bayesian networks? 
Relationships between variables (both direct and indirect) can be represented by 
a directed graph. This graphical representation of relationships forms the structure 
of a Bayesian Network (BN). These relationships are not considered causal (alt-
hough they can be) but dependant ones. Underlying these dependencies is a set 
of conditional probabilities (where the state of one variable is conditional on the 
state of another). BNs are well suited to analyse complex problems characterised 
by high uncertainty and where a decision is required. 
4.1 Elements of a BN 
BNs consist of three key elements. These are nodes, arcs and conditional probabil-
ities. Nodes represent variables, while direct relationships between variables are 
represented by an arc (i.e. an arrow). Underlying conditional probabilities (i.e. 
probabilistic relationships between nodes) are calculated using Bayesian updating. 
Nodes can be in a number of categorical states, or can be continuous (although 
computing mixed distributions of data can be problematic). Conditional probabili-
ties are calculated to determine the probability that node 𝑤 is in state 𝑥 given the 
state 𝑦 of node 𝑧. 
Figure 1. Example of a BN from the Norsys Software (1992-2011) Netica. 
Top plot: nodes represent variables and arcs (arrows) represent conditional dependencies. 
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Bottom plots: conditional probability tables underlay the relationships between nodes. 
 
BNs can be parameterised using empirical data, expert opinions, simulation data, 
data from literature (effect sizes, known and suspected relationships, etc.), or a 
combination of these. Machine learning, a subfield of computer science, allows the 
model structure to be determined through algorithms. These algorithms search 
for the most likely relationships between nodes, given the data provided. Machine 
learnt networks can be unsupervised (i.e. the computer searches for the structure 
without human inputs) or semi-supervised (i.e. a person inputs known or sus-
pected relationships into the model, but leaves the computer to learn the remain-
ing structure). Throughout the REFRESH project, machine learning will be utilised, 
but pilot work (see D4.1a) suggests that a structure may need to be imposed, 
thus using a semi-supervised network structure.  
4.2 Limitations of BNs 
The most important limitation of BNs is that they are acyclic (i.e., it is not possi-
ble to have feedback loops in the model). This limitation can, however, be miti-
gated for by developing linked sub-models, where arcs can cross temporal or spa-
tial scales. For example, a temporal model could be parameterised using several 
linked models at 𝑇, 𝑇+1, 𝑇+2, 𝑇+⋯, etc. The inputs for one model could be outputs 
from another. This structured object-orientated approach allows the main limita-
tion of BNs to be circumvented. 
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5   An ABM of food retailers 
A model of the food retail market with stochastic networks and community evolu-
tion is illustrated within this chapter. 
5.1 Economic modelling 
Models have been used since the dawn of economic science in order to study the 
behaviour and the choices of individuals, and their aggregated consequences. Over 
the years, economic models stratified into a standard economic theory, that 
largely dominated the discipline and its influence on policy-making. The standard 
theory of economic choices assumes that individual decision-makers are rational 
in their preferences, and make their decisions in isolation, considering only their 
own wellbeing (Mas-Colell et al. 1995). Under such assumptions, businesses 
make efficient investment decisions by considering all relevant economic infor-
mation, and by weighting all their future consequences correctly (Von Neumann 
and Morgenstern 1953). Furthermore, within the strict assumptions of the stand-
ard theory, economic agents have clearly defined preferences, and give no con-
sideration to the consequences of their decisions on other people’s welfare (Mas-
Colell et al. 1995). Finally, when the behaviour of individuals is scaled up, stand-
ard economic theory assumes that decisions are made by a representative agent, 
whose preferences and decisions subsume all individual heterogeneity (May 1946; 
Kirman 1992). Such assumption is made in order to obtain models that can be 
solved analytically. 
There are two essential criticisms addressed to standard economic modelling. The 
first comes from the observation that economic decisions are made by human 
beings, who are not fully rational (Haruvy et al. 2007; Armstrong and Huck 2010), 
whose capacity of maximizing profit is bounded (Simon 1956, and 1957), and 
whose interrelations are seldom completely anonymous (Jackson 2008). Behav-
ioural economics is a heterogeneous body of literature developed in order to un-
derstand, and take into account, the complex factors influencing real economic 
decisions. It investigates the consequences of social, psychological and cognitive 
factors on economic behaviour. Instead of starting from abstract principles, be-
havioural economics uses laboratory and field experiments (DellaVigna 2009) and 
observes the real behaviour of people, that does not always concur with standard 
theory. Adopting this approach, behavioural economics attempts to change the 
perception of economists about individual preferences and choices. Behavioural 
economics literature is reviewed – with a focus on the different deviations of 
businesses from rational, selfish, and isolated behaviour – within REFRESH D4.1b. 
The second criticism of the standard economic theory derives from the fact that 
economic agents are diverse, and pursue different scopes with different means. 
The coordination of different wishes and choices is highly non-trivial. In order to 
be able to generate analytical models with closed form solutions, scholars assume 
that individual choices can be considered as the choices of one "representative" 
standard, utility-maximizing individual, whose choices coincide with the aggregate 
choices of the heterogeneous individuals (Kirman 1992). As proven by Kirman 
(1992), the choice of adopting a “representative individual” is unjustified, and can 
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lead to very wrong conclusions. In the framework of representative agent models, 
one can reach the conclusion that there should be no trading in financial markets 
(Rubinstein 1975), no wealth distribution concerns (Hakansson et al. 1982), and 
no role for the government (Milgrom and Stokey 1982). Moreover, the exclusion 
from the model of local interactions among individuals may cause results to stray 
away from reality. 
In order to overcome these problems, recent years have seen the development of 
a branch of economics with heterogeneous interacting agents (Gallegati and Kir-
man 1999; and 2015), whose results have been applied from capital markets to 
economic policy. The aim of this report is to provide the outline of a model of 
business behaviour on FW, with particular reference to the adoption of innova-
tions aimed at preventing, reducing or valorising FW. Considering the recent crit-
ics to standard economic theory discussed above, the natural method to develop 
and test such model is through ABMs. 
5.2 Relationship with the DoA and model motivation 
One of the focuses of REFRESH T4.2 is the definition of a framework for the de-
velopment of an ABM aimed at assessing the behaviour of businesses with respect 
to FW, and to the ways of reducing it. One of the most important opportunities to 
decrease the levels of FW generated by firms is though the introduction of inno-
vations. Therefore, here, the focus is on behavioural factors influencing the adop-
tion of technological innovations by companies.  
A relevant share of the FW generated along the food supply chain is produced by 
food processors and retailers. In order to keep the ABM treatable, it was chosen, 
however, to separate the two sectors and – at least at a first stage – to study 
them individually, using two different models. The first model studies the retail 
market, and will be extended to the food processing sector in a second model. 
The present document provides an outline of the model design and characteris-
tics. 
The choice of separating food retail from food processing is due to the fact that: 
• It allows a clearer understanding of the behavioural patterns and incentive 
structure of the two sectors, and of the consequences of the interaction among 
individual incentives; 
• It allows to disentangle the effects of single changes to the baseline, which 
would be much more difficult in a more complex setup. 
The choice of starting from the retail market, instead, stems from the fact that this 
is a simpler sector compared to food processing. Indeed, on the one hand, it is 
polarized between large and small actors and, on the other hand, it faces directly 
the consumption phase of the food market, which makes agents (firms) easier to 
model.  
In order to obtain a clear baseline, the model will make strong simplifications, that 
will be then progressively relaxed. This procedure will allow a clearer definition of 
the drivers of the results. 
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5.2.1 Research questions 
Following the focus mentioned above, the goal is to create a model to answer the 
following questions: 
• Which are the main conditions and drivers influencing the adoption of innova-
tions aimed at reducing FW in the retail sector? How are the diffusion dynamics 
influenced by these conditions and drivers? 
• Which kind of (clusters/networks) alliances among companies emerge at a 
meso/macro level?  
• How do FW levels in a market change when companies are allowed to create 
(or to eliminate) ties with each other? How does profit distribution changes as 
a consequence? 
Note that the formation of clusters/networks is observed in reality and is expected 
in the model as a result of the process of creation and destruction of ties. The lat-
ter process is based on companies’ material and immaterial payoffs1.  
5.3 Fundamental entities 
There are two fundamental entities in this model: companies and (final) consum-
ers. 
5.3.1 Demand side 
In this model, it is assumed that food consumers (the demand side of the mar-
ket) are a homogeneous mass of individuals. They are further assumed to be able 
to absorb any level of offer at a given price (perfectly inelastic demand). This 
modelling choice implies that over-supply and over-demand are excluded from 
the baseline. More realistic demand functions and segmentations among consum-
ers can be introduced as extensions. 
The initial assumptions imply that the quantity purchased by final consumers at 
any price does not change. However, it does not imply that a company can set 
any price. Indeed, if one company (in isolation) moves the price above the indus-
trial standard for its size, it loses all clients, since demand is – initially – assumed 
to be perfectly elastic to price. 
5.3.2 Supply side 
Sector characteristics 
The design of the retailer sector (the supply side of this model) follows from the 
characteristics of the EU food markets. Here, suppliers operate in a condition of 
imperfect competition, where large-scale retailers act as price leaders, while small 
actors are price-followers (European Commission 2014; Perloff 2008; Digal and 
                                       
1 There is some literature pointing out that retailers are interacting also with processors and pro-
ducers, not only with peers. This element is assumed out of this model outline, for the moment. 
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Ahmadi-Esfahan 2002; Sexton 2013). Both types of companies define a full-cost 
price of exclusion: price coordination and different equilibrium prices result (Sylos 
Labini model, 1957). The competition is thus based mainly on the quantity sup-
plied. This means that retailers always prefer to supply larger quantities, as this 
increases their turnover and thus reduces the impact of their fixed costs of pro-
duction. Finally, in line with the focus of the model, all retail sector operators are 
assumed to “produce and sell” a homogeneous food product. 
Companies are characterized by both their physical characteristics and by different 
behavioural concerns. Decision making is assumed to be based on both economic 
and non-economic concerns. 
Companies “physical” characteristics 
Companies are characterized by five essential variables: 
• a given level of unitary costs, to be paid for each unit of good produced: 𝑣𝑖 
• a given level of total fixed costs to be paid regardless of the production level: 𝑘𝑖 
• a given level of FW (univocally corresponding, each, to a given technology): 𝑤𝑖 
• a given level of net production 𝑦𝑖, defined as the difference between the gross 
production 𝑥𝑖 and the level of FW 𝑤𝑖 
• a set of relationships 𝐹𝑖𝑡 (the ties shared by a company 𝑖 with other companies 
𝑗 at time 𝑡). 
The value assumed by these variables can be influenced by: 
• The size of the company, which constrains the gross level of production (𝑥𝑖). 
In line with the characteristics of the market, company sizes are two: small or 
big. Abstracting from considerations about technologies and innovation, the 
size determines all above-mentioned aspects of the company, except 𝐹𝑖𝑡 (i.e. 
there are two levels of the above variables: 𝑠 and 𝑏). Further heterogeneity 
about costs for given sizes could be introduced if empirically grounded, or as 
an extension to this model2. 
• The technological level of the company. As discussed below, a single technology 
at time (at least initially) is considered. For each company, two types of tech-
nologies are available: a basic one, that generates high levels of FW (𝑤𝐻), and 
an innovative one, that reduces FW to 𝑤𝐿. The latter can be potentially intro-
duced, but implies a change in the values of the economic variables of the 
company3. 
Companies “behavioural” characteristics 
                                       
2 Another important driver of companies’ willingness to adopt innovations is their financial situation. 
Dealing with the financial situation however would mean to add a further layer of complexity and 
is thus relegated to a model’s extension.  
3 See below for a list of possible effects of introducing an innovation, whose characteristics are drawn 
from the findings of D4.1c. 
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In line with the findings of literature (see REFRESH D4.1b), businesses are as-
sumed to have three types of concerns included in their utility functions:  
• A certain weight (𝛼) is associated to the difference in the selfish economic out-
comes obtained as a result of adopting the two possible technology levels. 
• A certain weight (𝛽) is associated to the presence of other-regarding prefer-
ences (ORP), since companies are concerned with their levels of waste. 
• Finally, a certain weight (𝛾) is associated to imitation, following from the social 
component of company preferences4. 
For simplicity, it is assumed that the three components are addictively separable, 
so that the discrete choice is: max
𝑤𝑙,𝑤ℎ 𝑈 = 𝛼 ∗ 𝜋𝑖 + 𝛽 ∗ 𝑂𝑂𝑂𝑖 +  𝛾 ∗ 𝐼𝐼𝑖𝑡𝐼𝑡𝑖𝑜𝑛𝑖(𝑛𝑛𝑖𝑛ℎ𝑏𝑜𝑏𝑟𝑖) 
In the baseline setup, it is assumed that α, 𝛽 and 𝛾 are equal for all agents. This 
assumption will be then relaxed, allowing both idiosyncratic and group level het-
erogeneity.  
5.4 Timing of the model 
The ABM outlined in this document evolves along discrete time periods 𝑡. The ini-
tial setup includes an unrelated set of 𝑁 companies, 𝑁𝐵 of which are big, and 𝑁𝑠 of 
which are small. At each period 𝑡, a series of events happen in sequence. Each 
company takes the actions of this sequence simultaneously, based on the infor-
mation available from 𝑡 − 1, and on the previous actions occurred at 𝑡. The model 
is run for 𝑡𝑚𝑚𝑚 time steps, then stops. The intra-step timing of the model is sum-
marized as follows: 
1 New ties among companies are possibly formed; 
2 Old ties are stochastically reconsidered for elimination; 
3 With probability 𝑂𝑡𝑡𝑡ℎ, the levels of FW (corresponding to the levels of technol-
ogy) are revised. For revision, companies only observe their own current social 
networks, and the economic setup at 𝑡 − 1 (limited information can be consid-
ered as an extension); 
4 Levels of production are fixed given the technological decisions; 
5 Production (that for retailers corresponds to what is put on the shelves) is ab-
sorbed by the demand.  
Each of the steps will be now considered more in detail. 
                                       
4 While it is clear that the bottom line of companies is mainly the creation of profits, bounded ration-
ality in economic behaviour and the ontological uncertainty makes conformity emerging as a pos-
sible heuristic, influencing decision making. 
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5.4.1 Creation of social ties 
While considering whether to change technology, companies take into account the 
current situation (in period 𝑡) of their social neighbours (companies that are con-
nected with them). This simulates imitation (in other words, a behavioural 
shortcut), together with the act of construction of a company’s social network.  
In the baseline, companies start off as isolates. Then, at each time step t, with 
given probability 𝑂𝑙𝑖𝑙𝑙, each company can create a tie between himself and some-
one else he is not already connected with. Such ties represent dyadic social con-
nections (whose meaning is detailed in section 6.4.2) between two agents (e.g. 
between two companies such as Nestle and Unilever, or between Unilever and a 
local shop).  In the baseline, 𝑂𝑙𝑖𝑙𝑙 is equal for everybody, but it can be made het-
erogeneous within the extensions. Random creation of ties may seem simplistic 
but, coupled with the destruction of ties based on their effects, it makes the setup 
more realistic. 
In addition, whenever a group of businesses becomes sufficiently densely con-
nected, they create a coordination-community, that changes their incentives to 
adopt different technologies, by changing the levels of 𝑣 or 𝑘, and by offering 
them the possibility of changing market prices (see section “coordination” below). 
Coordination-communities are, scaffolding structures imposing some constraint or 
directing the behaviour of groups of agents and having some internal structure 
(e.g. the European Retailer Organization). 
5.4.2 Destruction of ties 
As mentioned above, ties are created uniformly at random. Each tie is maintained 
with probability proportional to its effects (weighted, if there are multiple effects 
in different directions) on each of the interested individuals (companies). Among 
the possible consequences5 of tie maintenance are: 
• Possibility of modifying the price instead of compressing the profit margin (q’) 
when coordinating with firms covering a sufficiently large share of the market. 
• Share the difference in fixed costs (∆𝑘) induced by the introduction of the FW 
reduction innovation necessary to achieve 𝑤𝐿 among the connected individuals. 
• As long as they stay connected, less efficient individuals have a reduction of 𝑣𝑖 
(thanks to the adoption of the learning-by-doing of the other). 
• Other possible drivers of link maintenance/destructions (to be identified). 
Note that most of elements leading to the destruction of ties are related to eco-
nomic issues. This happens because the levels of FW are interpreted, here, as by-
products of other economic and behavioural choices. 
Furthermore, networks could involve also modelled “government bodies” or “as-
sociations of category” as “external fields” influencing all partners’ behaviour. 
                                       
5 To keep the model simple, only one combination of consequences is studied at each time. 
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5.4.3 Choice of creating innovation (of the production technology) 
Once the social network has evolved, then each company – with probability 𝑂𝑡𝑡𝑡ℎ 
extracted independently for each company – decides upon changing its technolo-
gy level. Companies’ investment decisions are strongly influenced by pure eco-
nomic incentives; however, behavioural economics literature has shown that not 
only economic incentives matter for company decisions. An extensive analysis of 
the deviations from egoistic profit maximization is carried out in REFRESH D4.1b. 
As noted above, companies decide whether to adopt the innovation with a view to 
maximizing their utility: max
𝑤𝑙,𝑤ℎ 𝑈 = 𝛼 ∗ 𝜋𝑖 + 𝛽 ∗ 𝑂𝑂𝑂𝑖 +  𝛾 ∗ 𝐼𝐼𝑖𝑡𝐼𝑡𝑖𝑜𝑛𝑖(𝑛𝑛𝑖𝑛ℎ𝑏𝑜𝑏𝑟𝑖) 
where 𝛼 characterize the degree to which a company is driven by profit motives, 
𝛽 the importance attributed by the company to the level of waste (or, in other 
words, the relative importance of other regarding preferences within a company’s 
utility) and 𝛾 the importance attributed to the behaviour of other individuals sur-
rounding the company. 
While, for simplicity, companies are initially assumed homogeneous for what con-
cerns their behavioural characteristics, heterogeneity will be introduced as an ex-
tension. Both the specific types of ORP (pro-environmental behaviour) and social 
interaction characteristics (conformity bias) to be implemented, and the relative 
levels of 𝛼, 𝛽 and 𝛾 are drawn from the literature review, using hints from other 
REFRESH WPs. In particular, 𝛼, 𝛽 and 𝛾 will be set as “country representative”, in 
order to compare the situation in different countries. National case studies should 
provide evidence of their relative strength in different countries. 
The utility function of companies will be operationalized as follows. Company 
choice is a discrete one, between the continuation of producing a high level of 
waste (𝑤𝑖 = 𝑤𝐻), and changing the production technology, thus reducing the level 
of waste (𝑤𝑖 = 𝑤𝐿). The company chooses the option which gives the maximum 
utility between: 
𝑈𝐻
𝑖 = 𝛼(𝑝𝐻 ∗ 𝑥𝐻 − 𝑣𝐻 ∗ 𝑥𝐻 − 𝑘𝐻) − 𝛽 �𝑤𝐻𝑥𝐻 � + 𝛾([#𝑤𝐻 ∈ 𝐹𝑖]𝑡−1 − [#𝑤𝐿 ∈ 𝐹𝑖]𝑡−1) 
𝑈𝐿
𝑖 = 𝛼(𝑝𝐿 ∗ 𝑥𝐿 − 𝑣𝐿 ∗ 𝑥𝐿 − 𝑘𝐿) − 𝛽 �𝑤𝐿𝑥𝐿 � − 𝛾([#𝑤𝐻 ∈ 𝐹𝑖]𝑡−1 − [#𝑤𝐿 ∈ 𝐹𝑖]𝑡−1) 
waste level 𝑤𝐻 is chosen if 𝑈𝐻𝑖 ≥ 𝑈𝐿𝑖  while 𝑤𝐿 is chosen if 𝑈𝐻𝑖 < 𝑈𝐿𝑖  . The direction in 
which all other economic variables move depend on the type of innovation studied 
(see subsection on the impact of innovation below). 
The equation above assumes that firms are somewhat pro-environmental (hence, 
food waste reduces their utility with proportion 𝛽) and tend to conform to their 
neighbours’ choices (third element of the utility). Other types of utility functions 
can be explored, with different combinations of ORP and other social mechanisms.  
It should be noted that, with the setup presented, in principle, a technology can 
be adopted and dropped repeatedly if the situation is borderline. This unrealistic 
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outcome is avoided by assuming that – for a given company – technological deci-
sions do not happen at every step, but with given probability 𝑂𝑡𝑡𝑡ℎ. 
5.4.4 The impact of innovation 
Company decisions regarding which technology6 of production to choose and 
whether to adopt or abandon an innovation depend, in large part, on the financial 
return of the investment in that technological innovation. For this reason, the in-
novations will be considered in a highly-stylized form, being only represented by 
their impact on FW. For simplicity, it is assumed that only one possible innovation 
is available at a time (competition among technologies will be addressed as an 
extension to this work).   
Given their structural typologies (small or big), businesses can produce two levels 
of waste: low (𝑤𝐿), or high (𝑤𝐻). The level of waste produced depends on the 
technology adopted. In practical terms, the technological choice may have an im-
pact on 𝑣, 𝑘 and 𝑥 in different ways:  
• Diverging effects on 𝑘 and 𝑣, while 𝑥 is increased (decreased). The innovations 
allow FW set to 𝑤𝐿 (it follows that, with this innovation, 𝑦 is increased). 
• 𝑘 is decreased, but FW becomes 𝑤𝐻 (environmentally detrimental innovation). 
• 𝑘 is increased steeply, no effect on 𝑣, 𝑦 is increased, while FW becomes lower 
(𝑤𝐿)7 
• 𝑣 is increased steeply, no effects on 𝑘, 𝑦 is increased, while FW becomes lower 
(𝑤𝐿)8  
• Other types of innovation, as well as examples of innovations, following this 
setup, will be drawn from case studies, focus groups, and from the literature 
review of REFRESH D4.1c. 
5.4.5 Coordination 
If their total production is above a given threshold of market quota (𝜆), compa-
nies that are in the same connected network (i.e., that are directly or indirectly 
connected to each other) can modify the price (instead of the margin of profit 𝑞’’) 
when passing from one technology to another (more expensive in terms of costs 
of production). Given the network-creation mechanism, this can happen only if 
the companies gain positive benefits from sharing a link, or if some degree of 
trust develop among them (so that they effectively coordinate on raising the 
                                       
6 Technology is here intended in its economic meaning, thus comprising both proper technological 
innovation and organizational innovation. Indeed, innovations are only considered for their impact 
on FW and on economic variables. 
7 This specific type of choice is not particularly relevant for retailers, but could be useful when deal-
ing with producers. 
8 This specific type of choice is not particularly relevant for retailers, but could be useful when deal-
ing with producers. 
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price, and do not free-ride on each other9). Furthermore, differential levels of co-
ordination can be included for directly and indirectly connected individuals (as an 
extension). 
In presence of higher levels of network density, the network can have a phase 
transition and become a coordination cluster (or a community action). A cluster 
can coordinate and move together from one technology to another systematically. 
In order to provide them with a device of coordination, clusters are assigned a 
voting system (the comparative effect of different voting systems can be as-
sessed in extensions), employing a simple majority rule to decide upon technolo-
gy.  
5.4.6 Choice of unitary prices and supply level 
Given the characteristics of the food retail market, the price is fixed, with a mark-
up on the full costs of production in line with Sylos Labini (1957) model. Thus, 
each company fixes a margin of profit (or mark-up) 𝑞’’, and unitary prices to:  
𝑝𝑖 = 𝑣𝑖 + 𝑙𝑖𝑚𝑖 𝑣𝑖 + 𝑞′′𝑣𝑖, or equivalently: 𝑝𝑖 = 𝑣𝑖 + 𝑙𝑖𝑦𝑖+𝑤𝑖 𝑣𝑖 + 𝑞′′𝑣𝑖 
Given the above discussion, the only decision variable here is 𝑥𝑖. But since, in the 
food market, companies compete prevalently on quantities, 𝑥𝑖 will assume maxi-
mal one for given technological level and company size. It can be concluded that, 
unless coordination among firms happens, 𝑝𝑖 is completely constrained. 
5.5 Observables  
The model starts with no company having adopted the technology that allows 𝑤𝐿, 
and studies, given the parameter set, the patterns of evolution of innovations 
adoption, as well as its asymptotic values. 
Within this model setup, it is possible to derive testable simulations relative to: 
Observables Validated (through expert opinions) 
Reduction in the level of food waste (by 
categories of companies, sector, and 
overall). 
 
Proportion of food produc-
tion/consumption that no longer results 
in waste at the level of single compa-
ny/consumer. 
Degree of diffusion of a given techno-
logical innovation. 
For an already adopted innovation, the 
proportion of companies in the area 
that uses it; 
For a brand new innovation the poten-
                                       
9 Explicit price coordination is illegal in the EU, however a raise in price, introduced by competitors 
to compensate economic cost of innovations can be an indirect result of coordination actions with 
other aims (e.g. fostering the diffusion of an innovation) and can result in positive outcomes from 
the FW point of view. 
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tial (declared) interest in deploying it. 
Threshold of innovations impact to al-
low the emergence of imitation/ 
/cooperation/collusion among compa-
nies; 
Qualitative assessment tracking phase 
transitions in the diffusion of an innova-
tion in pilot countries. 
The (distribution of the) proportion of a 
connected group needed for it to en-
gage in innovation introduction. 
Qualitative assessment studying the 
coordination actions and courtyard 
agreements. 
 
These observables are to be studied comparatively, as function of: 
• The economic setup of the industry; 
• Behavioural choices (other regarding preferences and behavioural heuristics) 
and their relative importance; 
• Types of innovations; 
• Types of policies implemented. 
5.6 Policies 
Many different policies could be implemented in order to try to reduce FW in the 
described setup. In the context of this model, policies are implemented simply as 
exogenous changes influencing all agents. The first classes of policies studied will 
be: 
• The exogenous creation of clusters (created by policy, with moral suasion), 
from the beginning of the simulations; 
• Exogenous changes in the cost structure of the companies (or of certain cate-
gories of companies); 
• Exogenous changes increasing certain effects of the innovations (on every 
agent or only on certain categories). 
5.7 Outlook of expected results 
While the ABM to be developed within WP4 is expected to produce emerging 
properties that are difficult to predict, it is possible to outline some of its expected 
results. Indeed, a (significant) FW reduction innovation is expected to be adopted 
even if it implies a competitive disadvantage (market contraction) by: 
• Answering to (some) consumer demands (when no ties are available); 
• Coordinating the decision with other companies through networks and public 
incentives to network creation (that increase the probability of network stabil-
ity). This is the case if the role of network ties among firms (and the conse-
quent imitation) prevail over individual other-regarding preferences (e.g. al-
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truism), and when the threshold for a coordinated network will be reached at a 
lower level than the individual threshold; 
• For the small companies, acting as followers of big ones, by imitation. 
From the micro-economic perspective, an innovation adopted by a retailer to re-
duce waste, also reduces the demand, the supply 𝑥𝑖 (it can increase the fixed or 
variable costs) and the profits. 
Indeed, in line with Sylos Labini (1957), individually increasing the price above 
the market level (set by “large” companies) can encourage the local entrance of 
new competitors, and induces consumers to shift to other producers. Accordingly, 
this means that profits are reduced by innovations addressing FW; hence, supply 
side economic incentives alone push the companies not to invest in FW reduction 
innovations. However, if prices could be increased, then the investment could be-
come feasible or even advantageous. In this sense, the coordination (collusion) 
devices created by the communities discussed above can create modalities 
through which a set of companies act in concert and, thus, invest and together 
increase the prices. 
5.8 Extensions 
As frequently noted, this model makes a strong simplifying assumption in order to 
create a simple baseline against which to compare extensions in multiple direc-
tions.  
Drawing from the model description above, possible extensions could be: 
• Introducing a more realistic demand function, with category of consumers with 
different preferences for “green” products, and different perceptions of com-
pany reputation (assuming that companies can increase their reputation by 
shifting to the low FW technology). 
• Introducing different coordination mechanisms among individuals directly or 
indirectly connected, and experimenting different voting mechanisms within 
the coordination-clusters. 
• Introducing competition among different innovations introduced in the market 
at the same time, or in different moments. 
• Introducing heterogeneity of the individual behavioural characteristics of com-
panies (𝛼, 𝛽, 𝛾). 
• Introducing heterogeneity in the probability of network ties formation 𝑂𝑙𝑖𝑙𝑙, or 
directly introducing different mechanisms of network formation altogether. 
• Relaxing the strong correspondence between size, production level and ex-
ante costs. 
• Limiting the possibility of acquiring information about the adoption of a tech-
nology by other companies, by limiting it to directly-connected companies. 
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5.9 Inputs from other WPs and other activities 
Task 2.1 is producing an inventory of alliances for FW reduction and valorisation, 
that could be of interest for WP4. Indeed, it is a stated purpose of this task to 
elicit three aspects of existing alliances: incentives involved, success factors, and 
barriers to action. Of particular interest for the ABM are quantitative statistics 
which will be gathered during the interviews with the leaders of alliances on these 
aspects: 
• Periods of activity (i.e. their length of activity), 
• Objectives of the alliances, 
• Types of companies involved (dimensions, efficiency, levels of waste produc-
tion, unitary production costs, fixed and variable costs, styles of management, 
reputation among consumers, levels of commitment on specific issues); 
• Genesis of the alliance and role of the government in its establishment; 
• Sectors of activity (position of the alliance in the food supply chain), 
• Factors contributing to the success of the alliance (expert opinion), including 
data on failed attempts to create alliances and on alliances that no longer ex-
ist. 
Due to the stakeholders engaged, the pilot studies of WP2 will cover, due to the 
stakeholders engaged, a very significant share of the retail sector, corresponding 
to an average of 80 percent of the national markets in the four countries, as well 
as a sizeable but more limited part of the food manufacturing sector. It therefore 
makes sense that WP4 starts modelling the retail sector by taking into account 
the findings of the pilot studies. 
The data collected within WP2 will be of qualitative type. Therefore, they will pro-
vide suggestions on the design of the ABM, and on the general direction of the 
main actions for FW reduction and valorisation observed. It is very important that 
some comparable characteristics of the players involved are collected and shared. 
Making an assessment of the business model is otherwise impossible (there are 
no comparable differences on which to evaluate the outcomes of the model). 
WP3 will provide a set of policy options, some which will be tested within the 
ABM. If WP3 would be able to characterize the impact of policies on categories of 
players of both the supply and the demand side of the market, it would be of 
great interest for the design of the scenario analysis within WP4. Connecting the 
expected impacts of policies with national characteristics would also help the sce-
nario analysis of WP4. 
WP5 will collect systematic quantitative data on the effects of FW Management 
and Valorisation (FWM&V) choices on firms’ economic outcome. This data will 
provide a useful input to for the ABM. While WP4 works on a more macro level 
than WP5, these data will be useful in defining the impact of innovations on eco-
nomic actors. In particular, this data will be useful in suggesting the agent char-
acteristics influencing a given FWM&V approach, as well as the direction of influ-
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ence. As the most important information for the ABM will be collected in the 
framework of Task 5.3, where the LCC and LCA are actually performed. 
The main interest of WP4 is to identify the systemic economic impacts of innova-
tions and policies, while the collaboration with WP5 offers the possibility to in-
clude environmental impacts in WP4 models. However, environmental impacts 
warrant a deeper study being carried out later in the project. Furthermore, data 
from WP5 could be used in model validation, to assess whether the stylized com-
panies designed in the ABM provide the same reaction as expected given the re-
sults of the LCC analysis.   
In the future, a possible development of the WP4 supply side model may include 
some aspects of the internal company structure. Within such an advanced model, 
data on the LCC will provide WP4 the necessary information to design relevant 
agents internal characteristics and interrelations. Furthermore, the same infor-
mation would be pivotal in validating the modelling choices concerning company 
internal structures.  
Task 5.4 envisions the creation of a “Higher system level model”, whose declared 
objective is to analyse the environmental impacts and LCC of possible socioeco-
nomic policy and technology changes, via integrating relevant results from all 
WPs into relevant scenarios. This model constitutes a parallel development with 
respect to the model developed in Task 4.5. In particular, the ABM focus will be 
on the impact of interactions among economic subjects, and on the relationships 
between them and policies or innovations using hypotheses on agents’ behav-
ioural biases. A comparison of the results obtained by the two models will be mu-
tually reinforcing and provide further result validation. 
Task 6.1 has identified a list of priority waste streams for the EU-28 based on 
product sales volume and environmental impact. The identification of such prod-
ucts will help select the market on which the ABM will be applied and focused. 
Furthermore, Task 6.3 could provide WP4 with an assessment of the economic 
impact for businesses of present and future technologies and approached for 
waste valorisation. Data should include information on company size, turnover, 
and current waste levels. 
5.10 Outputs to other WPs and WP4 activities 
One of the main objectives of WP2 is to help organizations identify the win-wins 
that can only be achieved by collaboration across the system, for example the 
different contributions to whole chain resource efficiency. WP4 could provide sce-
nario analyses, making it easier for stakeholder to assess the fruitful effects of 
cooperation. Furthermore, WP4 could provide inputs on conditions to actually re-
duce and valorise FW in the presence of different sets of agents or market char-
acteristics. In other terms, WP4 could help compare (qualitatively) the chances of 
success of different strategies in different situations. Methodologically the con-
struction of the Decision Support System in Task 2.5 would benefit from the in-
puts of WP4. 
As for WP3, the ABM developed within WP4 will help assess and characterize the 
systemic consequences of different policies. Indeed, while it is possible to control 
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the direct impact of a policy on a subject, the policy could also have indirect ef-
fects due to the interaction of this subject with other stakeholders. Furthermore, 
with information about the intended or observed impact on single players, the 
ABM will help assess comparatively different policies, or the same policy in differ-
ent countries (or in areas with different market structures and/or socio-economic 
characteristics). This will allow to provide both an ex-ante assessment of a pro-
posed policy and an ex-post dissection of the individual and interactional causes 
of its success (or failure). This, in turn, will help calibrate in more detail the policy 
recommendations, conditioning them on the presence of certain social and eco-
nomic characteristics of the consumers or of the supply side market structure. 
The main contribution of WP4 for WP5 consists of providing market-level indica-
tions on the implementation of given FW Management and Valorisation (FWM&V) 
approaches. Through the ABM, WP4 can assess how the systemic impact of a giv-
en FWMV is affected by exogenous changes in the market conditions. This would 
provide a robustness check of action effectiveness under different economic sce-
narios. 
Finally, the ABM of WP4 will contribute to elaborate a systemic perspective on the 
assessment of valorisation approaches foreseen within WP6, stressing the conse-
quences at the industry level of different strategies of waste valorisation. The 
ABM will further provide an analysis of the large-scale impact of technologies dif-
fusion and the approaches to it, and suggest possible paths for encouraging dif-
ferent valorisation approaches. 
5.11 Adapting the model to study the processing sector 
Adapting the setup described to the analysis of the processing sector require es-
sentially one major change to the setup described. Indeed, it is necessary to in-
troduce a production through which inputs are transformed into outputs with giv-
en efficiency. Innovations in this sector can also impact the efficiency of produc-
tion, thus benefiting the processor itself. The introduction of such changes softens 
the tension between the economic objectives of the company and the decrease of 
FW levels. Furthermore, types of innovations that are not relevant for retailers 
can be usefully studied in the processing sector, for example:  
• 𝑘 is increased steeply, no effect on 𝑣, 𝑦 is increased, while FW becomes lower 
(𝑤𝐿); 
• 𝑣 is increased steeply, no effects on 𝑘, 𝑦 is increased, while FW becomes lower 
(𝑤𝐿). 
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6   A BN model of consumer food waste 
6.1 Relationships with the DoA and model motivation 
One of the aims of REFRESH T4.2 is to develop a framework for the elaboration of 
a BN to assess consumers’ behaviour with respect to food waste, and potential 
interventions to reduce it.  
The waste produced at the consumption stage is thought to be responsible for the 
largest proportion of food waste in developed countries (Parfitt et al. 2010). For 
example, Stenmarck et al. (2016) estimate food waste in the 28 EU countries 
(extrapolated from data for 11 countries) at 87.6 ± 13.7 (95% CI) million tonnes 
per year, with 46.5 ± 4.4 (95% CI) million tonnes coming from households. This 
equates to between 46.7% and 63.5% of the total food wasted. Hence, address-
ing this section of the food supply chain will potentially have a proportionally 
large effect.  
BNs produced during T4.1.2 have identified the key drivers of consumers’ food 
waste in a geographically limited area using an objective measure (WRAP waste 
compositional dataset for the UK) and in a geographically wide area using a sub-
jective measure (EU Flash Barometer 388 dataset with self-reported waste). These 
two BNs confirm the high levels of variability in food waste, and the complexity in 
the variables driving the levels of FW. Self-reported levels of FW across the EU 
vary across countries and with age and education status of the respondent. In the 
UK, the weight of food waste per household varies with household size, as well as 
the age of a respondent (interacting with household size). 
These findings validate the approach of WP1 to assess food waste across several 
EU countries, as differences among countries are an important factor in driving 
the levels of reported food waste. In addition, these findings provide important 
typologies that can form the focus of the questions/discussion within WP1 and 
help parameterise further models (ABM, BNs, and others) that WP4 will develop 
as the project unfolds.  
In contrast to the ABM model outlined above, the data to parameterise a BN 
model on consumers’ FW are yet to be collected and hence defined. These data 
will be collected by WP1 and when they are available, several options of modelling 
approach can be explored. These options are dependent on several factors, for 
example, if country level differences are, as expected, significant drivers of food 
waste, the development of country-specific models will be considered in the first 
instance. These country-level models will be integrated as object-orientated mod-
els, so that a single overarching BN can be developed as a decision model for the 
EU. This overarching model can, then, account for country-level differences, and 
allow country-level (or country groupings) to be the target of policy interventions 
(in the model).  
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6.1.1 Model aims 
The BN(s) will aim to: 
• Identify the main drivers influencing consumer food waste; 
• Identify country-level (or focus group level) differences between drivers;  
• Evaluate the importance of the model structure to the understanding of the 
drivers of consumer food waste; 
• Integrate decision relevant nodes into the model, to allow decision support 
across the EU. 
6.2 Fundamental Entities 
BNs require three fundamental entities: a measure of food waste (this can be ob-
jective, e.g. weight of food waste, counts of food waste components, etc., or sub-
jective, e.g. self-reported food waste), a number of covariates (demographic and 
behavioural variables), along with a structure (with underlying conditional proba-
bility+ structure). The structure can come from: (1) Machine learning (semi-
structured or fully automated learning), and/or (2) theoretical constructs of con-
sumer behaviour.  
6.2.1 Food waste measure 
In REFRESH D4.1a, the inconsistency of self-reported food waste was highlighted. 
Self-reported data can be biased (Priefer et al., 2013) and therefore our preferred 
measure of food waste would be objective. However, given the practicalities of 
sampling many EU consumers, and the costs associated with obtaining objective 
measures of food waste, self-reported measures of waste have to be used in most 
cases. WP1 will be calibrating self-reported waste with objective measures in 
small scale experiments. These experiments will allow us to adjust or to convert 
self-reported measures of waste to approximant waste levels, if needed.  
6.2.2 Demographic and behavioural covariates 
A number of behavioural and demographic covariates are required in the BN. 
These must include variables that have been highlighted as important drivers of 
food waste (e.g. household size, age structure, employment, planning and shop-
ping behaviours, etc.). 
6.2.3 Model structure 
Model structure will be determined using machine learning and based on WP1s 
factors: motivation (attitude, social norm, awareness), ability (knowledge, skills), 
and opportunity (time/schedule, material, infrastructure), as well as demographic 
variables. The Bayesian Information Criterion (BIC) will be used in order to assess 
whether the structure is appropriate.  
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6.2.4 Additional Entities 
Decision nodes can be included into the BNs to identify which interventions are 
most effective (and/or cost-effective).  
Data from WP3 and from the ABMs developed through WP4 will be used to devel-
op decision nodes. Information on management costs associated with each inter-
vention will be useful to allow the full parameterisation of the BN and the devel-
opment of a true decision model that can inform decision support tools. Infor-
mation will be shared between the ABM(s) and BN(s) (see Section 8 on the inter-
action of models) to allow further model development and refinement.  
6.3 Timing of the model 
At their earliest stages of development, BNs will not have a temporal component. 
If modelling (both ABM and BN) and assessment indicate the need for a temporal 
component, then this can be developed using object-orientated models. Temporal 
BNs may be required in the context of the development of policy relevant decision 
tools. Including temporal trends in household size for example (increased proba-
bility of single person households) may be useful to allow predictive model devel-
opment, and to test scenarios of change.  
6.4 Outlook of expected results 
• Key drivers of consumer food waste identified at country and EU levels  
• Structure of the conditional dependencies underlying the consumer food waste 
system identified and tested empirically through BIC interventions identified 
and linked in to the BNs across scale of the EU (Note: interventions may differ 
in effect at different country or other scales and this can be modelled in the 
BN). 
• A functional decision support tool allowing scenario testing across the EU (in-
vestigating projected changes in demographics or policy environment where 
appropriate) 
• An underpinning probabilistic framework to a road map for European Food 
waste (T4.5.2) 
6.5 Inputs from other WPs and other activities 
WP1 will provide the main data (from focus groups, and small scale experiments) 
necessary to parameterise the BNs. In particular, Task 1.3 involves collecting da-
ta to compare different food waste measures. This data may allow to understand 
some of the biases present in the self-reporting measures commonly used, and to 
estimate correction factors.   
WP3 will provide a set of policy options, some of which may be relevant to con-
sumer behaviour. These can be integrated into the BNs as decision nodes, and 
the impact of these policies on decreasing food waste can be simulated. Scenarios 
of future changes in policies or incentives to reduce waste can also be run in the 
BN.  
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6.6 Outputs to other WPs and WP4 activities 
WP2 aims to identify the “win-wins” that can only be achieved by collaboration 
across the system. BNs, as probabilistic systems models providing transparent, 
robust and repeatable decision analysis to determine what node states lead to the 
optimum solution to allow decreased food waste. BNs allow an oversight of the 
whole system and its interactions, rather than only the areas stakeholders are 
familiar with. This helps develop systems-thinking and solutions to systems prob-
lems, reducing the potential for unintended consequences of decisions made in 
isolation.  
6.7 The building blocks for a road map to reduce Europe-
an food waste - Preliminary ideas  
BNs developed throughout the REFRESH project will address aspects of consumer 
behaviour in relation to food waste. These networks will eventually integrate po-
tential policy interventions; therefore, they can be used in decision analysis. In 
combination with ABMs, BNs form the analytical basis for the road map for reduc-
ing EU food waste. The road map will include a Graphical User Interface (GUI) 
that will allow data to be linked spatially to a map of the EU. As shown in Figure 2 
below the interface can be used to identify potential areas of high food waste be-
haviours based on the BN outputs.  
Figure 2. The Road map for European food waste GUI. 
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The GUI can be used to predict the probability of high consumer food waste 
based on demographic variables. Using the concept of conditional probability be-
havioural responses of consumers and predicted food waste can be mapped on an 
EU scale. The map in Figure 2 shows a prediction of high food waste based on the 
household size in 1884 European NUTS (Nomenclature of territorial units for sta-
tistics) regions. Regions shaded darker red are more probable to have high levels 
of food waste. These regions could be important targets for food waste policies. 
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7   Model interaction (ABMs, BNs) 
Given the lack of empirical data and the difficulty of building datasets on food 
waste behaviour of companies and consumers there is a need for BNs and ABMs 
to interact dynamically. BNs can be efficiently used as a tool to deepen the un-
derstanding of the results of ABMs. Indeed, the ABM model on business FW be-
haviour requires setting a certain number of behavioural, structural and economic 
variables, each combination of parameters is subject to yield a certain set of out-
comes in terms of adoption of innovation, levels of waste and economic out-
comes. The dependence of the latter from the input variables can be difficult to 
assess especially with reference to the micro-mechanisms involved in the model. 
BNs can be used to construct probabilistic maps allowing the internal micro-
mechanisms to be uncovered, linking the outcomes with the inputs. Given the 
importance of interaction here the potential forms that it can take are discussed. 
In the first form, ABMs and BNs will form independent modules, with inputs to 
one of the models stemming from outputs of the other, and potentially vice versa. 
For example, BNs are effective at data-reduction and, as such, a BN could provide 
inputs for the ABM (Pope and Gimmlet 2015). Outputs from the ABM could be 
used to further refine inputs to the BN (Figure 3). 
Figure 3. First type of interaction between ABMs and BNs. 
 
The BN can identify the most important variables and these can become the input for the ABM. Po-
tentially outputs from the ABM could then influence the BN in a number of loops, until model stabil-
ity is achieved.   
In the second form of interaction, the two models can form separate modules of a 
larger model (see Kocabas & Dragicevic 2013, for an example). Outputs from 
ABMs and BNs could be used to further parameterise another model (an ABM, a 
BN, or other model type; Figure 4). 
B
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Figure 4. Second type of interaction between ABMs and BNs. 
 
BNs and ABMs can act as independent models feeding outputs into a main master model that ad-
dresses a larger scale issue. BNs and ABMs can provide inputs and receive outputs from each other. 
In the final form of interaction, the two models can be fully integrated (Figure 5). 
Figure 5. Third type of interaction between ABMs and BNs. 
 
BNs and ABM can have separate inputs but then interact at stages within the modelling process, 
providing inputs and receiving outputs from the other model. Separate but related outputs can be 
pooled once model stability is achieved. 
The approach adopted depends on the behaviour of the modular components. 
Where influential interactions occur, integration is required, or the dynamic na-
ture of the dependency needs to be captured in a further model. Important inter-
actions between model components will be specifically examined, and when each 
modular component is finalised, the integration needs for decision support and 
the integration methods will be chosen. These decisions will be revised annually 
and discussed with WP3, in order to ensure the utility of the final decision support 
tool/roadmap. 
Consumer 
BN 
Consumer 
ABM 
Business 
ABM 
Food waste  
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8   Data standardisation protocol 
8.1 The need for a protocol 
The sharing of data within and between Work Packages is imperative to the suc-
cess of the REFRESH project, as recognised by the European Commission’s Direc-
torate-General for Research and Innovation (DGRI) (2016)10. Effective data man-
agement will reduce the costs associated with manipulating data formats, reduce 
the potential for misunderstanding data (particularly where data are analysed by 
a different set of researchers from those that collected it originally), and allow 
future data synthesis and further analysis well past the lifetime of the REFRESH 
project itself. 
The EC DGRI (2016) highlights the need for a data management plan which ad-
dresses, for each dataset: naming of datasets, description of the datasets, de-
scription of metadata and standards, description of how the data will be shared 
(inclusive of embargos, software, repository, etc.), and description of how the 
data will be archived. Herein, this structure will be expanded with specific refer-
ence to the datasets for use within WP4.  
8.2 Format and naming of datasets 
In order to promote data sharing, a format is required that will allow use in a va-
riety of statistical packages and computer programs. In addition, due to the rate 
at which computer formats become obsolete and/or degrade, the dataset must 
also be resilient. Data saved as “.txt” or “.csv” are the most universal (in terms of 
the number of programs/packages that can read or convert them) and the most 
resilient to degradation.  
In some programs/packages, datasets with long (greater than 30 characters) 
names or with spaces in the dataset name cannot be read. Dataset names need 
to use only English characters (i.e., no special characters, like @, ~, *, etc.) and 
have a date in the name, so that researchers can ensure that they are assessing 
the latest iteration.  
8.3 Data definitions and description (metadata) 
When researchers collect data, they often use abbreviation or shortened names to 
identify variables. These can be difficult to interpret if one was not part of the 
team which implemented original data collection. To aid data interpretation, all 
variables used need to be defined in full. The dataset needs to be accompanied by 
a separate file entitled “readme.txt”, which gives a brief description of the data 
collection (including the original purpose of the data collection, the methodology 
used to collect them, links to external resources that may help the user under-
stand the data, etc.). The dataset should also include any known issues with the 
                                       
10 Guidelines on Data Management in Horizon 2020 
(http://ec.europa.eu/research/participants/data/ ref/h2020/grants_manual/hi/oa_pilot/h2020-hi-
oa-data-mgt_en.pdf). 
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accuracy or precision of the dataset, any information of restrictions to sharing the 
dataset and any required citation (Box 2).  
Underneath this, all variables used in the dataset need to be fully defined (i.e. the 
metadata). A definition should include: the name used in the dataset, a short de-
scription of the variable, the units the variable is expressed in (including all codes 
used, if appropriate), and any other information that could help the user under-
stand what the variable refers to (e.g., links or citations of sources, techniques or 
tools used to gather data, temporal or spatial resolution, precision, accuracy, un-
certainty, relationships to other variables, etc.). Variable names should be in-
formative, short and, again, not include spaces or special characters. Here too, 
one should identify if and where there are missing data, and attribute the reason 
for missing data appropriately (e.g. was there a sample but no response, or was 
there no sample taken?). It is important to distinguish between no data and ze-
ros. Where there are no data, the code “NA” should be used, instead of a zero 
value or a blank record.  
8.4 Other key considerations 
Modelling techniques such as ABMs and BNs often need data that are, in some 
way, manipulated (i.e. standardised scores, logarithmic scales, categorised data, 
etc.). It is therefore important that data are received in the most “raw” format as 
possible. Data should not be summarised or categorised before being shared (or, 
if this is necessary, it must be fully described in the “readme.txt” file). For exam-
ple, if the absolute age of a person is recorded during a survey, then it is better 
that this data is provided in full, and reduced at a later stage, than recording data 
in pre-determined categories. Indeed, once data of this sort are lost, they cannot 
be recovered. If continuous data need to be categorised, then it is imperative that 
the same categories are used across all REFRESH sub-projects. Nested data 
should be listed in adjacent columns in the dataset, and clearly indicated as such 
in the metadata. Data should be ordered in columns with the first columns being 
sample indexes, the next set of columns being any nesting, followed by the out-
come measures, the interventions or impacts (where relevant) and, finally, the 
covariates.  
Box 1. Take outs – Data protocol. 
Naming datasets and formats: 
• Save data as “.txt” or “.csv” only. 
• Keep dataset names to a minimum length (e.g. “Cons_beh_BBN_130616.csv”). 
• Do not use special characters (@, ~, *, etc.) in the dataset name. 
• Include a version number or date in the dataset name (e.g. “Bus_beh_ABM_v8.txt”). 
• Do not include spaces in the name of the dataset – replace spaces with an underscore. 
Dataset description and metadata: 
• Save data description and metadata in a separate file named “readme.txt”. 
• Include a brief description of the dataset and how it was collected or collated. 
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• Choose short and descriptive names for variables, without spaces, capitalisation or special char-
acters. 
• Define variables fully; giving the units the data are in as well as any other relevant information 
(sources of data etc.). 
• Identify missing data with the code “NA” to distinguish them from zero values – do not leave 
any blank cells in the dataset.  
Other data considerations 
• Include all the raw data – do not summarise data and convert continuous data in to categorical 
data. 
Box 2. Example of metadata for sharing between work packages. 
Datasets should be shared with both the data and associated metadata. Here an example with the 
dataset name of “EUBar388_010116.csv” is used. 
An example dataset. 
serialid isocntry q9 q1 q2_1 Age 
1 Belgium 5% or less Somewhat important Somewhat positive 62 
2 Belgium 5% or less Very important Somewhat positive 50 
3 Belgium 5% or less Somewhat important Somewhat positive 40 
Metadata should be saved in a text file (called Readme.txt) according to the criteria below. 
Metadata: 
• EUBar388_010116.csv – contains data from the Eurobarometer Flash survey 388 “Attitudes of 
Europeans to waste management and resource efficiency”. The surveys took place in December 
2013 and published in June 2014 (see http://ec.europa.eu/public_opinion/flash/fl_388_en.pdf). 
Flash Eurobarometers are ad hoc thematic telephone interviews allowing rapid data collection. 
Reproduction is authorised, except for commercial purposes, provided the source is acknowl-
edged. 
Citation(s): 
• Report: European Commission, 2014a. Attitudes of European Towards Waste Management and 
Resource Efficiency. Report. Flash Eurobarometer survey n. 388, June 2014. Eurobarometer. 
• Data: European Commission, 2014b. Flash Eurobarometer 388 (Attitudes of Europeans Towards 
Waste Management and Resource Efficiency). TNS Political & Social [producer]. GESIS Data Ar-
chive, Cologne. ZA5896 Data file Version 1.0.0. http://dx.doi.org/10.4232/1.11994. 
Variable names: 
• “serialid” – The sequential identifier for each record. 
• “isocntry” – The name of the country where the respondent was questioned. 
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• “q9” – Question 9 asked respondents – “Can you estimate what percentage of the food you buy 
goes to waste?” The potential answers were categorical: 5% or less, 6% to 15%, 16% to 30%, 
31% to 50%, More than 50%. 
• “q1” – Question 1 asked “How important is it for you that Europe uses its resources more effi-
ciently?” The potential answers were categorical: Did not know or answer (abbreviated to 
DK/NA), Not important at all, Not really important, Somewhat important, Very important. 
• “q2_1” – Question 2 asked a multiple level question “In your opinion, what would be the impact 
of more efficient resource use on economic growth in [OUR COUNTRY]? The potential answers 
were categorical: Did not know or answer (abbreviated to DK/NA), Somewhat negative, Some-
what positive, Very negative, Very positive. 
• “Age” – The age of the respondent. The data are continuous. 
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10   Appendix 
10.1 Glossary of socio-economic terms 
Acyclic (specific to BN): Characteristic of BNs according to which it is not possible 
to have feedback loops in the model: causality occurs in a single direction. 
Agent (or individual, or entity): Economic entity (business or consumer) who acts 
to achieve its purposes, using heuristic or simple decision-making rules, experi-
encing adaptation and interaction, and whose behaviour is modelled within agent-
based models. 
Agent-based model (ABM): Class of computational probabilistic models for simu-
lating the actions and interactions of autonomous agents (both individual and col-
lective entities, such as organizations or groups), with a view to identifying 
emerging issues at different scales, and assessing their effects on the system as a 
whole. 
Alliance: Agreement, formal or informal, between two or more businesses, in order 
to perform activities together; it differs from a network since its participants are 
connected to each other by a contract, or by a set of more or less formalized rules. 
Altruism: Attitude of individuals who perform «costly acts that confer economic 
benefits on other individuals» (Fehr and Fischbacher 2003, 785). 
Bayesian Network (BN): Probabilistic graphical models which are used for repre-
senting a set of random variables and their conditional dependencies by means of 
directed acyclic graphs (without univocal direction of the relations among nodes); 
they allow scholars to analyse decision problems under uncertainty. 
Behavioural economics: Science that studies the effects of psychological, social, 
cognitive, and emotional factors on the economic decisions of individuals and or-
ganizations, and the consequences for market conditions and resource allocation. 
Bounded Rationality: Characteristic of economic agents with limited computational 
capacities, whose decision-making process is constrained by the way they process 
information. 
Business (or firm, or company): Privately owned organization involved in the pro-
vision of goods, services, or both to consumers (final or intermediate), in ex-
change for other goods, services, or money. It refers to a particular organization, 
such as a single processing company or a large-scale retailer, and not to the en-
tire market sector; within this report, it is intended to include food processors and 
retailers. 
Cluster: «Concentrated group of companies in a particular field, [whose] activities 
are closely related and complementary to each other […]. The companies involved 
include upstream and downstream buyers, as well as suppliers and producers» 
(Financial Times). 
Commitment: Set of «moral obligations of the units of a system of social interac-
tion to maintain the integrity of a value-pattern and to strive toward its implemen-
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tation in action through combination with non-value factors» (Parsons 1968, 135). 
Organizational commitment (of managers and employees towards an organiza-
tion) has three components: affective, continuation, and normative (Meyer and 
Allen 1991). 
Company: see Business. 
Complexity (specific to ABM): Within an ABM, it indicates a larger variability of the 
outcomes in terms of standard deviations of the target variables, e.g. due to the 
larger number of covariates and interaction rules. 
Conditional probability: In probability theory, it indicates a measure of the proba-
bility of an event to occur, given that another event has occurred. 
Consumer: Individual (physical person) who pays for using services and/or com-
modities, and is the final user of goods (e.g., food), or services (e.g., restoration 
services) produced, distributed, and sold by businesses. 
Emergent phenomenon (specific to ABM): A phenomenon that becomes evident 
as consequence of the interaction among many agents and that cannot be imme-
diately reduced to the characteristics of the local interactions (Anderson 1972). 
Entity: see Agent. 
Environment and institutions (specific to ABM): Within an ABM, it indicates all ex-
ternal constraints and characteristics that influence all agents (or groups of them) 
and their interactions. In practice, it represents the set of all policies, taxes, laws, 
institutions, and characteristics of the natural environment. 
Firm: see Business. 
Food processor (processing sector): Economic agent (business) that processes raw 
materials to make food products, implementing one or more procedures. Different 
processors perform different types of activities for transforming raw materials into 
food products; these processes may be relatively simple (e.g. cleaning fruits), or 
more elaborated (e.g. manufactured of prepared meals). 
Food retailer (retail sector): Business operator of the branch wholesale, retail and 
markets of the food supply chain that sells food to final consumers, differently from 
wholesalers, who sell goods to other businesses. It may refer to both modern gro-
cery retail (hypermarkets, supermarkets, discount shops) and other forms of retail 
(independent and traditional shops, and “new modern retail”). 
Food waste: «Fraction of food and inedible parts of food removed from the food 
supply chain in order to be recovered or disposed (including: composted, crops 
ploughed in/not harvested, anaerobic digestion, bio-energy production, co-
generation, incineration, disposal to sewer, landfill or fish discarded to sea)» (FU-
SIONS definition). 
Heterogeneous Agents Model (specific to ABM): An ABM characterized by the pres-
ence of many agents with different specifications of their characteristics (attributes, 
rules of behaviour, memory, and perception of the environment). 
Heuristic (rule of thumb): «Simple procedure that helps find adequate, though of-
ten imperfect, answers to difficult questions» (Kahneman 2011, 98). It is frequently 
used when the decision-making process is affected by cognitive biases. It may lead 
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either to good outcomes, or to erroneous judgments. Two examples are assessing 
the likelihood of an event according to the easiness of recalling a similar one (sa-
lience, Tversky and Kahneman 1973), or retaining a previous decision in the face 
of new information. Another simple form of heuristic is imitation (Di Maggio and 
Powell 1983). 
Individual: see Agent. 
Interaction (ABMs and BNs): One of the three different approaches that can be used 
to integrate the inputs and the outputs of ABMs and BNs, in order to maximize the 
amount of information on consumers’ and businesses’ food waste produced and 
analysed, given the limited availability of data. 
Interaction rule (specific to ABM): Within an ABM, they represent the constraints 
on how agents can interact; they can be represented in game theoretical form, or 
as economic exchanges, or as exchanges of information. Since not all interactions 
are always possible, exchanges typically happen on a defined interaction space. 
Interrelationship: Exchange of opinions, imitation, coordination schemes, etc., that 
take place in the framework of networks, alliances and clusters. 
Investment: Capital formation, i.e. «the acquisition or creation of resources to be 
used in production» (The new Palgrave Dictionary of Economics). 
Isolation (Behaviour): Assumption of the neoclassical economic theory according to 
which representative agents make their decisions independently from each other, 
i.e. are not influenced in their decisions by the decisions of other agents. 
Machine Learning: Subfield of computer science which gives computers the ability 
to learn without being explicitly programmed; it explores the construction of algo-
rithms which can learn from, and perform predictive analysis on data. 
Memory (specific to ABM): Within ABMs, it indicates the possibility for an agent of 
recalling past actions and interactions, as well as their results, thus representing 
a mechanism to condition the behaviour of the agent on past actions. 
Monte-Carlo Simulation: Class of computational algorithms which rely on repeated 
random sampling to obtain numerical results; within ABMs, this method consists 
in choosing a given parameter set, and iterating the dynamics of the model many 
times, with different sequences of random numbers, in order to obtain statistics of 
the final outcomes (means, standard deviations, distributions).  
Network (specific to ABM): Two or more economic agents (not necessarily operat-
ing in the same sectors) that are connected or work together, making use of 
meetings among each other in order to share information (especially on innova-
tion), assist each other, etc. Differently from alliances, networks do not imply di-
rect connections or collaborations among all partners. 
Object-oriented Approach (specific to BN): An Object-Oriented Network is a BN 
that, in addition to the usual nodes, contains a node that represents an instance 
(outcome or node) from another network or another type of model.   
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Pro-social behaviour: Acting kindly and helpfully towards strangers also if caregiv-
ing is not part of one’s professional role (Vlaholias et al. 2005). It includes philan-
thropic and altruistic behaviours. 
Rationality (Behaviour): Assumption of the classical economic theory according to 
which the preferences of representative agents are complete (an agent can always 
choose which of two alternatives he considers preferable, or if neither is preferred 
to the other), and transitive (if A is preferred over B and B is preferred over C, 
then A is preferred over C). Rational agents are assumed to take into account all 
available information, all probabilities of events, and potential costs and benefits 
while making a choice, and to act consistently. 
Representative Agent: The typical decision-maker (e.g. a consumer, or a firm) in a 
neoclassical economic model, where all agents are identical, or differ among each 
other, but act in such a way that the sum of their individual decisions is mathemat-
ically equivalent to the decision of one individual or of many identical individuals. 
Selfishness (Behaviour): Assumption of the neoclassical economic theory according 
to which representative agents maximize their individual profit (well-being) without 
being influenced by the consequence of their actions on the wellbeing of others. 
Trust: «Having sufficient levels of positive expectations regarding [a] partner’s 
behaviour to feel able to commit valuable resources (e.g., financial, know-how, 
etc.) to the cooperation with that partner, despite the risk that [he] might take 
(unfair) advantage of this relationship, and abuse this trust» (Roessl 2005, cited 
by Hatak and Hyslop 2015, 6). 
Typology: Specific psychological factor, identified by behavioural economics, that 
may potentially affect (either as a driver, or as a barrier) the adoption of techno-
logical innovations. 
Uncertainty: A situation is said to involve uncertainty if the randomness faced by 
economic agents presents itself in the form of alternative possible events but 
there are no statistics available and, therefore, no calculable probabilities of the 
outcomes of alternative decisions. 
Values: «Desirable goals, varying in importance, that serve as guiding principles 
in people’s lives» (Schwartz 1992, 21); «enduring beliefs that a specific mode, or 
conduct, or end-state of existence is personally or socially preferable to an oppo-
site or converse mode of conduct, or end-state of existence» (Rokeach 1973, 5). 
They may represent idiosyncratic characteristics of individuals, but also of busi-
nesses, or of the whole society. 
Zero-intelligence Agent (specific to ABM): Within ABMs, it represents the simplest 
type of agent, who acts randomly and is therefore used as a benchmark (Gode 
and Shyam 1993). 
